Food engineering covers a large spectrum of applications that include, but are not limited to: 39 product engineering, process engineering, control, optimisation and decision support systems. 40
Some 25 years ago, modelling and simulation of food processing was mostly dedicated to 41 product preservation with safety considerations, most of the studies focused on time-42 temperature diagrams for predicting and limiting residual spores or micro-organisms in foods. 43
Due to increased process understanding and computing power, applications emerged where 44 other quality attributes were considered: moisture content, colour, viscosity, sometimes food 45 composition. More recently, food structure was also considered (e.g. viscosity, porosity) and 46 models became available to represent the evolution of such structure (Theys, Geeraerd & Van 47 Impe 2009). In parallel, progress in observation and analytical methods (imaging techniques, 48 magnetic and electronic beams) allowed investigating different structural scales and 49 interactions between chemical species, mainly between macromolecules and small molecules. 50
Food starts to be viewed as a complex system, with various possible interactions between key 51 variables at different scales (from nano scale to macroscopic one) (Baudrit, Sicard, Wuillemin 52
& Perrot 2010). 53
It is now recognised in most scientific domains that dynamic modelling and computer 54 simulations are valuable tools for product and process understanding, design, optimisation 55 and control. The purpose of a mathematical model is to capture relevant features (in a given 56 context) of a complex object or process, based on existing theoretical understanding of the 57 phenomena and available measurements. Current industrial applications usually rely on 58 extremely simplified, stationary models that cannot produce a realistic evaluation of transient 59 effects on plant performance, quality and safety conditions and environmental impact. The 60 modelling and simulation research efforts should be directed towards main phenomenological 61 aspects, coupling different scales, such as heat, mass, momentum, population balance coupled 62 with chemical reactions. 63
Design of new foods as "intelligent" vectors for target molecules responsible for nutritional or 64 sensory properties became a major goal for food industry. These target molecules can be 65 sapid or aroma compounds, micro-nutriments or microorganisms of interest (technological 66 
Building of the food models 136
A typical approach for model development is schematically shown in Figure 1 and building reliable models based on scarce and uncertain data is obviously a difficult task. 179
To cope with the bottlenecks bring by the study of food complex systems, some ways of 180 research appear to be promising (second column in Table 1 (Pearl, 1988) in which nodes representing 300 random variables are indexed by time (equation 1). In the considered example, the average 301 adequacy rate in predicting microscopic and macroscopic scales was of 85%, on a test data 302 basis of 80 measurements. 303 Alternatively, uncertainty may be caused by imprecision (often referred to as "epistemic 326 uncertainty") due to a lack of information. This lack of knowledge may arise from a partial 327 lack of data or because experts provide imprecise information. For example, it is quite 328 common for experts to estimate the numerical values of parameters in the form of confidence 329 intervals according to their experience and intuition. 330
The uncertainty affecting model parameters is thus due both to randomness and incomplete 331 knowledge. This is typically the case in presence of several, heterogeneous sources of 332 knowledge, such as statistical data and expert opinions. The most commonly used theory for 333 distinguishing incompleteness from randomness is the imprecise probabilities calculus 334 developed at length by Peter Walley (1991) . In this theory, sets of probability distributions 335 capture the notion of partial lack of probabilistic information. While information regarding 336 variability is best conveyed using probability distributions, information regarding imprecision 337 is more accurately represented by families of probability distributions. Examples of tools to 338 encode probability families include probability boxes (Ferson & Ginsburg, 1996) propagate variability and imprecision to the estimation of cheese mass loss through the 348 ripening process. In order to do this, the most faithfully available knowledge and the 349 associated form of uncertainty was implemented (Table 2) 
Viability theory for decision help or control purposes 389
Given the dynamics of a complex process, a "viable" control is sequences of actions driving 390 the process along admissible evolutions. Admissible evolutions are such that the industrial 391 production constraints are satisfied and the consumer expectations, expressed as targets, are 392 reached. The main purpose of the viability theory is to explain the evolution of a system 393 (model exploration), determined by given non deterministic dynamics and viability 394 constraints, to reveal the concealed feedbacks which allow the system to be regulated and 395 provide selection mechanisms for implementing them. Cost function can also be associated to 396 trajectories in the state space. The aim is to reach a target with an optimal trajectory (minimal 397 cost). If we denote SF(x), the set of evolutions governed by the controlled dynamical system 398 x'(t)=f(x(t),u(t)), the viability kernel is defined by (Equation 2): 399
This is a variant of the viability problem called capture basin. Numerical schemes to solve 401 `viability' or `capture' problems were firs proposed by Saint Pierre (1994) . Key issues towards these goals are knowledge integration, unifying mathematical formalisms, 451 uncertainty representation and management, optimal control, viability and increased 452 computing power. Complex system science provides appealing research directions for these 453 issues and has proven some efficiency to tackle such complex problems as multiscale 454 reconstruction in embryogenese (Olivier et al., 2010) . Nevertheless, it is obvious that further 455 interdisciplinary work is required at the frontier of complex system science, which is on its 456 own at the boundary of mathematics, physics and computer science, and food science. Table 2 : Type of uncertainties propagated in a mechanistic model of cheese mass loss during a ripening process. Table 2 
